ABSTRACT The default mode network (DMN) has been extensively investigated in the literature. However, previous studies have mainly focused on the age-related changes in the DMN between old and young participants. Age-dependent changes in specific regions within the DMN have not been adequately explored across the entire adult lifespan. Thus, in this paper, we performed a seed partial least squares (PLS) analysis to investigate the lifespan-wide changes in the regions of the functional and structural DMNs using the restingstate functional magnetic resonance imaging (fMRI) and the structural magnetic resonance imaging (MRI) data from healthy subjects aged 16-85 years. The posterior cingulate area was selected as the seed region based on prior fMRI studies. The single-group functional connectivity analysis showed a stable connection between the seed and the posterior cingulate cortex (PCC), middle temporal gyrus (MTG), and inferior temporal gyrus (ITG); a decreased connection between the seed and the medial prefrontal cortex (MPFC), anterior cingulate cortex (ACC), and superior frontal gyrus (SFG); and an increased connection between the seed and the precuneus (PreC), inferior parietal lobule (IPL), and middle frontal gyrus (MFG) across the entire lifespan. In contrast, in the single-group structural covariance analysis, the covariance connections of the seed to the DMN regions demonstrated a stable covariance trend to the PCC, MTG, superior temporal gyrus (STG), and ITG; an inverted U-shaped covariance trend to the MPFC, ACC, SFG, MFG, and inferior frontal gyrus (IFG); and a U-shaped covariance trend to the PreC with age. Full-group analyses found significant linear decreases in functional and structural DMN integrity. Our findings provide crucial information regarding the influence of age on the function and structure of the DMN and may contribute to the understanding of the underlying mechanism of the age-related changes in the DMN over the lifespan.
I. INTRODUCTION
The default mode network (DMN) has recently received growing attention and has been extensively investigated in
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be involved in various functions, such as self-referential processes, long-term memory, and mind wandering [3] - [5] . The structural covariance DMN, which reflects shared variation in gray matter morphology [6] , has also been observed in structural MRI data [6] , [7] . Previous studies involving old and young participants have shown age-related functional and structural changes in the DMN [6] , [8] - [11] . However, age-dependent changes in specific regions of the DMN have not been adequately explored across the adult lifespan.
The influence of age on the functional DMN has been examined using resting-state functional connectivity analysis. Many studies have revealed decreased functional connectivity within the DMN in older adults [12] - [18] , and most of these studies have found a decline in connectivity between the posterior and anterior regions of the DMN in older subjects [13] , [14] , [16] , [17] . Additionally, several studies have investigated developmental trends in functional activity over the entire lifespan [11] , [19] , [20] . For instance, using functional connectivity density mapping, Tomasi et al. revealed that long-range connectivity within the DMN was more vulnerable than short-range connectivity to the effects of aging in healthy subjects aged between 13 and 85 years [20] . Meanwhile, Betzel et al. found that the mean functional connections within resting-state networks decreased with age in healthy participants aged between 7 and 85 years [19] . Future studies should further assess regional differences within the functional DMN across the entire lifespan.
In contrast, few studies have focused on how the structural DMN changes with age, although some investigations have measured gray matter volume across different age groups using structural MRI and demonstrated that the structural covariance of the DMN declines with age [6] , [21] - [23] . Specifically, Montembeault et al. revealed reduced structural associations between the right angular gyrus and right inferior frontal gyrus, as well as between the left angular gyrus and anterior inferior temporal gyrus, within the DMN in older adults [21] . Furthermore, DuPre et al. investigated the structural covariance of six canonical neurocognitive networks in normal participants aged between 6 and 94 years, revealing reliable age-dependent trends in these networks. In particular, the integrity of the DMN declined with age [6] . It follows that the specific regional changes in the structural DMN across the entire lifespan require further examination. The present study aimed to identify age-related changes in the functional and structural DMNs across the adult lifespan using a seed-based multivariate approach known as partial least squares (PLS). Two seed PLS analyses were performed: the first investigated connectivity within the functional DMN using functional connectivity analysis of resting-state fMRI data, and the second assessed the covariance of gray matter volume in the DMN using structural covariance analysis of structural MRI data. The investigation was carried out in healthy subjects aged 16-85 years.
II. MATERIALS AND METHODS

A. PARTICIPANTS
In the present study, the subjects were sourced from the Nathan Kline Institute-Rockland Sample (NKI-RS), which comprises two phases: the NKI-RS (phase I) and the enhanced NKI-RS (phase II) [24] . All participants underwent multimodal brain scans and a variety of psychiatric, cognitive, and behavioral assessments (http://fcon_1000.projects.nitrc. org/indi/pro/nki.html; http://fcon_1000.projects.nitrc.org/ indi/enhanced/assessments.html). Ultimately, 280 healthy subjects (age range: 16-85 years; 139 males) with both resting-state fMRI and structural MRI images were included in the present study. They were divided into seven age groups, each spanning an interval of 10 years (16-25 through 76-85 years). Table 1 shows details on the participants. 
B. DATA ACQUISITION
Data were collected using protocols approved by the institutional review board of the NKI. All MRI data were acquired using 3.0-T SIEMENS Trio scanners for both phases of the NKI-RS. The subjects underwent resting-state fMRI that used an echo-planar imaging (EPI) sequence (TR/TE = 2500/30 ms, FA = 80 • , FOV = 216 × 216 mm, matrix = 64 × 64, number of slices = 38, thickness = 3.0 mm).
High-resolution T1-weighted images were also acquired in each subject using a magnetization-prepared rapid gradient echo (MPRAGE) sequence (TR/TE = 2500/3.5 ms, FA = 8 • , thickness = 1.0 mm, number of slices = 192, matrix = 256 × 256, FOV = 256 mm) for the NKI-RS and (TR/TE = 1900/2.52 ms, FA = 9 • , thickness = 1.0 mm, number of slices = 176, matrix = 256 × 256, FOV = 250 mm) for the enhanced NKI-RS.
C. SPATIAL PREPROCESSING
The resting-state fMRI data were preprocessed using the Data Processing Assistant for Resting-State fMRI (DPARSF) V2.2 (available at :http://rfmri.org/DPARSF), which is a userfriendly toolbox for ''pipeline'' data analysis of resting-state fMRI images [25] . Preprocessing consisted of (1) discarding the first 10 EPI volumes from each scan to equilibrate the MRI signal; (2) performing slice-timing correction to temporally adjust the interleaved slice acquisition within a repeat time; (3) realigning each volume with the mean EPI image to register intra-subject fMRI time series for each subject; (4) performing nuisance correction to reduce the effect of head motion by regressing out 24 motion signals (6 head motion parameters, 6 head motion parameters one time point before, and the 12 corresponding squared items) using the Friston 24-parameter model [26] , [27] and to reduce nonneuronal blood-oxygenation level-dependent (BOLD) fluctuations by regressing out white matter and cerebrospinal fluid (CSF) [25] ; (5) normalizing the data to the Montreal Neurological Institute (MNI) template to make inter-subject comparison feasible and resampling the voxel size to 2 × 2 × 2 mm 3 isotropic resolution; (6) spatially smoothing the data with a 6-mm full-width at half maximum Gaussian kernel to increase the signal to noise ratio [28] ; and (7) bandpass temporal filtering (0.01-0.1 Hz) to reduce the physiological noise.
The structural images were preprocessed using the voxel-based morphometry (VBM) toolbox (available at: http://dbm.neuro.uni-jena.de/vbm/) in Statistic Parametric Mapping (SPM8) software (available at: http://www.fil.ion. ucl.ac.uk/spm). The processing procedure involved three major steps: segmentation, normalization and modulation. Maximum a posteriori and partial volume estimation were used to segment the original T1-weighted images into tissue images that included gray matter, white matter, and CSF within the native space. Subsequently, high-dimensional diffeomorphic anatomical registration using exponentiated lie algebra (DARTEL) was used to normalize the gray matter images to the DARTEL template [29] and finally to MNI space. Afterwards, the normalized gray matter volume images were multiplied by the determinants of Jacobian matrices from nonlinear DARTEL transformations to preserve the total amount of gray matter. Finally, the modulated and normalized gray matter images were smoothed with an 8-mm full width at half maximum Gaussian kernel to improve the signal to noise ratio.
D. SEED PLS ANALYSIS
The preprocessed fMRI and gray matter images were separately analyzed using seed PLS (PLSgui version 5.07). PLSgui software implements a partial least squares correlation algorithm in MATLAB. Since Mcintosh et al. first introduced PLS to the neuroimaging field [30] , the method has been widely used to analyze MRI data [31] - [34] . As a datadriven multivariate statistical method, PLS identifies a set of latent variables (LVs) that represent functional connectivity or structural covariance by deriving covariance information between seed regions (vector Y ) and entire brain voxels (image matrix X ).
For the functional connectivity analysis, each row of the X matrix comprised all brain voxels of each subject's fMRI images at each time point. The same time point was designated as the same condition in each age group, thus X matrix is with dimensions N Time points×subjects × M voxels . For the structural covariance analysis, each row of the X matrix comprised all brain voxels of each subject's gray matter images, hence the X matrix is with dimensions N subjects × M voxels . The selected seed region was the posterior cingulate area centered at the MNI coordinates (−2, −50, 28), as described in Grigg and Grady's reports [35] , [36] . In the cases of both functional connectivity and structural covariance, the seed region values were calculated by averaging the adjacent 27 voxels, and they were organized as a vector Y with dimensions N Time points×subjects ×1 for functional connectivity and N subjects × 1 for structural covariance. Within each condition, X and Y were centered and normalized, and the crosscovariance matrix R between X and Y was computed as [37] :
The matrix R is a correlation matrix due to centering and normalizing of X and Y . Then, singular value decomposition of the correlation matrix R was performed as follows:
U and V are called seed saliences and voxel saliences respectively [37] , [38] , and the matrix U represents the seed that best identifies the correlations (R) between the posterior cingulate area (seed) and the voxels of the whole brain. V represents the voxels that best characterize the correlations. is the singular value that indicates the strength of the correlations. A brain score for each LV is obtained using both the dot product of each subject's preprocessed image X and the matrix V of saliences, defined as the weight of each voxel for the corresponding LV. The brain score indicates the extent to which the subject shows functional connectivity or structural covariance patterns for each LV. Finally, in order to determine the significance of the LV, 1000 permutation tests were performed using resampling without replacement. The reliability of each voxel was determined using a bootstrap ratio with 500 iterations, which was defined as the ratio of each weight to its standard error, with the threshold set to include only the most reliable 5% of voxels. The PLS method was implemented within each age group (single-group analysis) and across all age groups (full-group analysis) to analyze both functional connectivity and structural covariance. The single-group analysis mainly explored the age-related changes in each region within the DMN, while the full-group analysis focused on the whole trend based on the pattern captured across the entire lifespan. We defined twelve functional regions according to the functional network organization proposed by Power et al. [2] . Power et al. presented 264 brain-wide nodes, among which 58 nodes belonged to 12 regions within the DMN. These regions are as follows: the anterior cingulate cortex (ACC), PCC, PreC, HF, IPL, MPFC, middle temporal gyrus (MTG), superior temporal gyrus (STG), inferior temporal gyrus (ITG), superior frontal gyrus (SFG), middle frontal gyrus (MFG) and inferior frontal gyrus (IFG), which have been reported as the DMN regions in most studies [3] , [12] , [13] , [39] - [41] . We selected the corresponding brain regions from the AAL template as the 12 regions' masks, and the specific details about the DMN regions and related AAL labels are shown in Table 2 . The number of reliable voxels within each region, covarying with the seed, was obtained by the overlap of the corresponding region's mask and the bootstrap ratio image to explore the age-related regional differences within the DMN across the 7 age groups.
In the full-group functional analysis, we calculated the correlation between the brain scores and each seed's activity within each condition. We then averaged the correlations across all the conditions. The bootstrap method was used to calculate the 95% confidence interval around the mean correlation. Furthermore, group differences in the mean correlations were assessed using one-way analysis of variance (ANOVA) across the seven age groups, and Bonferroni corrections were applied to correct for multiple comparisons by adjusting the significance level based on the number of comparisons. In the full-group structural covariance analysis, we performed similar procedures to examine the group differences in correlations.
III. RESULTS
A. FUNCTIONAL CONNECTIVITY ANALYSIS
For each single-group functional analysis, the first LV explained more than 60% of the covariance and identified some regions that were significantly positively correlated with the seed in each age group (p < 0.0001). The main regions were the PCC, ACC, MTG, STG, PreC, MPFC, and IPL, which are typically associated with the DMN ( Fig. 1; Table 3 ). The correlations between the seed and the PCC, MTG and ITG remained relatively stable, while those between the seed and the MPFC, ACC and SFG showed a significant downward trend, with the voxel numbers falling from 2199 to 697, from 849 to 278 and from 1000 to 362, respectively. The correlations between the seed and the PreC, IPL and MFG demonstrated increasing connectivity, with the numbers of reliable voxels in those regions changing from 1465 to 2193, from 1108 to 1891 and from 64 to 496, respectively, across the seven age groups. The correlations between the seed and the STG, IFG and HF presented an inverted U-shaped tendency. However, the total number of significant voxels in all DMN regions remained stable across all age groups, as shown in Fig. 2(B) .
In the full-group functional connectivity analysis, the first LV revealed that the seed were positively correlated with the main regions across the entire lifespan (p < 0.0001, 62% of covariance), as shown in Fig. 3 (A) . Functional connectivity differed significantly between the age groups 56-65 and 36-45 years, as well as between the age groups 56-65 and 66-75 years ( Fig. 3 [B] ). The correlation between brain score and age across the entire lifespan is presented in Fig. 3(C) , showing a linear decline in the integrity of the functional DMN. 
B. STRUCTURAL COVARIANCE ANALYSIS
In each single-group structural covariance analysis, the first LV explained more than 35% of the covariance and showed that the seed positively covaried with the regions within the DMN in each age group (p < 0.0001), as shown in Fig. 4 . The correlations between the seed and the PCC, MTG, STG and ITG remained stable across the lifespan, while the correlations between the seed and the MPFC, ACC, SGF, MFG, IFG and HF followed an inverted U-shaped trend, with the number of reliable voxels peaking in middle-aged participants (36-55 years old): 746 in the case of the MPFC, 158 in the case of the ACC, 536 in the case of the SFG, etc., as shown in Fig. 5 (A) and Table 4 . The covariance between the seed and the PreC gradually decreased from 16 to 55 years of age, followed by an upward trend from 56 to 85 years of age (U-shaped trend), with a minimum voxel number of 4069 in the 46-55-year-old age group. The covariance between the seed and the IPL showed a downward trend with age, with the number of reliable voxels decreasing from 3217 in the 16-25-year-old age group to 1682 in the 76-85-year-old group. Nevertheless, the total number of reliable voxels presented a U-shaped trend, with a minimum of 9832 in the 56-65-year-old age group.
In the full-group structural analysis, the first LV revealed that the seed was positively associated with the PCC, PreC and IPL across the entire lifespan (p < 0.0001, 63% of the covariance), as shown in Fig. 6 (A) . In this regard, except for the 16-25 and 66-75 age groups, there were significant differences between every two age groups, as shown in Fig. 6 (B) . Moreover, there was a linear decrease in structural DMN integrity across the age groups, as shown in Fig. 6 (C) .
IV. DISCUSSION
In the current study, we carried out seed PLS to assess how the functional and structural DMNs changed with age in healthy subjects. In the functional connectivity analysis, we found stable, downward and upward trends between the seed and the DMN regions across the adult lifespan. In the structural covariance analysis, the covariance connections of the seed to the DMN regions presented stable, inverted U-shaped and U-shaped tendencies. Additionally, decreased linear trajectories were identified between the brain score and age across the entire lifespan, suggesting a decline in integrity of both the functional and structural DMNs.
A. FUNCTIONAL CONNECTIVITY WITHIN THE DMN
In the single-group functional connectivity analysis, our findings revealed stable connections between the seed and the PCC, MTG, and ITG across the entire lifespan. Previous studies have reported two subsystems of the DMN: the medial temporal lobe system and the medial prefrontal subsystem. These subsystems converge on core hubs, such as the PCC, which are tightly correlated with all other regions within the VOLUME 7, 2019 DMN [3] , [42] . Thus, the PCC plays a pivotal role in the DMN. Furthermore, decreased connectivity was identified between the seed and the anterior components (the MPFC, ACC and SFG), which was consistent with previous findings in both young and old age groups [13] , [14] , [16] . The prefrontal cortex is recognized to be associated with executive control function [43] , and the reduction in anterior-posterior connection may reflect a decline in executive control function with age. Finally, increased connectivity was observed between the seed and the PreC. The PreC is involved in the neural correlates of self-consciousness and is engaged in selfrelated mental representations during rest [44] , [45] . Thus, our findings indicate that self-consciousness is maintained across the entire lifespan. Moreover, the total number of significant voxels in the DMN regions remained stable across the seven age groups, as shown in Fig. 2 (B) , which implies that the global connections, which are described as the ones between the seed and all regions within the DMN, have been preserved.
In the full-group functional connectivity analysis, the seed was positively correlated with the main regions shown in Fig. 6 (A) . In particular, the mean correlation, which represents the extent to which the seed is related to the pattern captured by the LV as a function of age group, showed significant differences only between the age groups 56-65 and 66-75 years and between the age groups 56-65 and 36-45 years, as shown in Fig. 3 (B) . In addition, all age groups are positively correlated with the pattern expressed by the LV (Fig. 3B) , which suggests that the global connections remain stable with age. From the above, we know that this finding is in accordance with the one shown in Fig. 2 (B) . Key hubs are considered to play an important role in maintaining the connections within the networks [46] . Perhaps the stable trend of the PCC, qualified as a core hub, guarantees the persistence of the functional DMN. Nevertheless, a correlation between brain score and age was apparent in the functional analysis in Fig. 3 (C) , showing a linear decrease across the entire lifespan, which means the integrity of the functional DMN decreases with age. Betzel et al. examined age-related changes in mean functional connections, which were expressed by mean Pearson correlations among 114 nodes, and suggested that the trajectory of the average functional connections within resting-state networks decreased with age [19] , which was consistent with our findings to some extent. The existing literature indicates that age-related declines in functional connectivity within the DMN are associated with reduced cognitive performance [47] , [48] . Thus, the linearly declining trajectory may indicate that normal aging is accompanied by reduced cognitive performance.
B. STRUCTURAL COVARIANCE WITHIN THE DMN
In the single-group structural covariance analysis, the structural covariance remained stable between the seed and the PCC, MTG, STG and ITG. Similarly, the functional connections of the seed to the PCC, MTG and ITG presented a stable tendency in the analysis of functional connectivity. Perhaps the stability of structural covariance is the basis of functional connection. Furthermore, an inverted U-shaped trend was revealed in the associations between the seed and the MPFC, ACC, SFG, MFG and IFG. Several previous studies have focused on the structural DMN [6] , [7] , [21] , [49] , [50] . For instance, based on gray matter volume, Guo et al. used independent component analysis to obtain the posterior DMN in normal subjects aged 18-28 years [49] , and our results showed similar covariance between the seed and the posterior part in the 16-25-year-old age group. In the single-group functional connectivity analysis, the connection between the seed and the anterior part decreased with age, but the corresponding correlation in structural covariance analysis decreased from 46 to 85 years old, which verified that the long-distance connections were susceptible to the effect of aging [20] . Finally, the association between the seed and the PreC showed a U-shaped trend, reaching its minimum value at ages 46-55 years. Connection gradually increased from 56 to 85 years old, corroborating the findings of our functional analysis. The increased connection from 56 to 85 years old in functional and structural analyses might reflect a compensation mechanism in which the DMN may be required to work harder than before by forming strong shortrange associations to compensate for the decreased longrange connections between the seed and the anterior part [22] , [51] . Moreover, the total number of reliable voxels presented a U-shaped trend with a small difference between the maximum and minimum number across the entire lifespan, as shown in Fig. 5 (B) , which indicates that relatively stable global connections are preserved with age.
In the full-group structural covariance analysis, the significant LV revealed that the seed was positively correlated with three regions (the PCC, PreC and IPL). There was a significant difference among the age groups in terms of the correlation between brain score and seed, as shown in Fig. 6 (B) . However, a positive association between the age groups and the pattern expressed by the LV was observed (Fig. 6B) . This means that the global connections within the structural DMN were preserved with age. The PCC presents a stable tendency in structural analysis; perhaps, as suggested by functional analysis, the PCC guarantees the persistence of the structural DMN. Moreover, the trajectory between brain score and age was examined in the structural analysis, as shown in Fig. 6 (C) . It showed a linear decrease in structural integrity across the entire lifespan. These findings suggest that older adults adhere less strongly to the structural covariance pattern expressed by the LV. Using PLS, DuPre and Spreng revealed a lifelong decline in the integrity of the structural DMN in healthy subjects aged between 6 and 94 years [6] , which is in agreement with our findings. A decreasing linear trajectory was also identified in our full-group functional analysis. Previous research suggests that functional connectivity within the DMN can reflect the underlying structural connections [52] , [53] . Various functions rely on the individual's relatively unchanged anatomical architecture; thus, the downward functional trajectory may be attributed to the similarly declining structural trajectory.
C. ADVANTAGES OF PLS
PLS, a data-driven multivariate statistical analysis method, has two basic types: PLS regression and PLS correlation. PLS regression predicts behavior or design from brain activity data in neuroimaging [37] . PLS correlation has several varieties based on the variables of interest, such as seed PLS, behavior PLS and task PLS [37] . Behavior and task PLS correlation analyze the relationship between the behavioral data or experimental design and brain activity. We, however, utilized the popular method of seed PLS to explore brain connectivity patterns between brain regions. The PLS method has been successfully used to analyze neuroimaging data with some advantages. First, it can be configured flexibly and used to analyze functional connectivity, structural covariance association, brain-behavior relations, and more [7] , [34] , [54] . Second, PLS can handle the problems of collinearity that may present in resting-state fMRI and structural MRI data by extracting orthogonal LVs. Meanwhile, it can reduce the possible noise involved in large imaging data through the use of orthogonal LVs. As an alternative approach, canonical correlation analysis (CCA) can also model the relationship between two data sets by maximizing the correlation between the pair of LVs, whereas seed PLS extracts LVs by maximizing their covariance. Furthermore, the uniqueness of the PLS solution without any constrain is advantageous in terms of implementation of its procedure and interpretation of the results. Finally, the PLS algorithm and related resampling techniques, such as the permutation test and bootstrap ratio, have been performed at the voxel level, thus avoiding the problem of multiple statistical comparisons. Our findings demonstrated that PLS is a valuable analysis technique that is particularly suitable for high-dimensional neuroimaging data. We believe that the novel use of PLS approach in addressing our question provides a useful and practical tool for researchers.
D. LIMITATIONS
Several limitations of the present study should be mentioned. First, our findings were based on cross-sectional data, which may differ from longitudinal data. Nevertheless, it is difficult to obtain longitudinal data over such a wide age range as 16-85 years. Second, we investigated age-related changes in the functional and structural DMNs. Other resting-state networks, such as the visual and auditory networks, also show an age-dependent trend [6] , [8] . As a result, the other restingstate networks need to be further explored. Third, to make the sample age/sex matched, we selected a relatively small sample within each age group in this study. Nevertheless, our sample size is comparable to those similar PLS studies [32] , [33] , [36] . Finally, we investigated separately how the functional and structural DMNs changed with age without exploring the structure-function relationship, which shall be examined in a future study.
E. CONCLUSION
In summary, we examined age-related regional changes within the functional and structural DMNs across the entire lifespan using seed PLS. Our results revealed that the brain is characterized by heterogeneous functional and structural connections over the adult lifespan. Additionally, we found some consistency in functional and structural DMNs. Such findings add to the growing evidence that the function and structure of brain are tightly associated and will help shed light on the structure-function relationship. Our findings have provided crucial information about the influence of age on brain functional and structural networks and will aid in achieving a comprehensive understanding of the DMN over a lifespan.
